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Abstract 
The objective was to determine the test-retest reliability and con-
current validity of a drone system in comparison to a radar device. 
Seventeen male collegiate soccer players participated in two max-
imal 30-meter sprint runs. The test-retest reliability of the drone 
system was evaluated using intraclass correlation coefficients 
(ICC3,1), coefficient of variation (CV%), and standard error of 
measurement (SEM). Subsequently, the systematic bias and con-
sistency of the two devices on various force-velocity (F-V) vari-
ables (e.g., maximal velocity [Vmax], theoretical maximal velocity 
[V0], theoretical maximal horizontal force [F0], the slope of the F-
V relationship [SFV]) were evaluated using linear mixed model 
(LMM) and Bland-Altman analysis. The drone system demon-
strated moderate to excellent test-retest reliability across all vari-
ables (0.59 ≤ ICC ≤ 0.95; CV% < 10%). While LMM analysis 
detected significant systematic differences for Vmax (p = 0.013) 
and V0 (p = 0.012), Bland-Altman analysis confirmed high prac-
tical agreement with minimal bias (≤ 1.12%) and narrow limits of 
agreement (LoA < 10%). Pmax, split times (T5m–T20m) and average 
accelerations (A10m–A20m) demonstrated greater consistency 
(%Bias ≤ 0.76%) with no significant systematic bias (p > 0.05). 
Conversely, early-acceleration and model-derived metrics (Tau, 
Amax, F0, SFV) exhibited significant bias (p ≤ 0.028) and wide LoA 
exceeding 10% (e.g., F0: -13.37% to 8.56%; SFV: -11.54% to 
18.18%). In conclusion, although the drone system exhibits high 
monitoring value in the maximum speed phase, early-acceleration 
metrics (Amax, F0, and T5m) should be interpreted with caution for 
individual-level monitoring. The tracking instability during the 
early acceleration phase necessitates further algorithm optimiza-
tion. 
 
Key words: Computer vision, acceleration, performance, relia-
bility. 

 
 
Introduction 
 
High intensity actions in soccer encompass a broad spec-
trum of movements, including curvilinear sprints (Grazioli 
et al., 2024), change of direction actions (Morgan et al., 
2022), and decelerations (Harper et al., 2019; Silva et al., 
2023; Morgans et al., 2025); however, linear advancing 
motion (e.g., sprint) is the most frequently performed ac-
tion before scoring in soccer games (Faude et al., 2012; 
Martínez-Hernández et al., 2023). Sprint test is widely used 
in practice as part of a testing battery (Dobbin et al., 2018; 
Taylor et al., 2022; Asimakidis et al., 2024). A deep under-
standing of the mechanics of sprint running is crucial not 
only for evaluating athletic performance but also as a key 

factor in injury prevention (Morin et al., 2015; Men-
diguchia et al., 2016; Edouard et al., 2021). 

Since the development of a simple method for esti-
mating sprint mechanical properties (Samozino et al., 
2016), a growing body of research has adopted this ap-
proach to assess athletes' sprint force-velocity (F-V) pro-
files (Zhang et al., 2021; Galantine et al., 2023; Alonso-
Callejo et al., 2024). Concurrently, numerous studies have 
investigated the validity and reliability of different meas-
urement devices—such as radar device (Simperingham et 
al., 2019), laser gun (Ghigiarelli et al., 2022), mobile phone 
application (de Barros Sousa et al., 2025), GPS device 
(Clavel et al., 2022), photocell (Haugen et al., 2020), and 
linear encoder (Feser et al., 2022)—for determining these 
F-V variables in athletic populations. Although more af-
fordable than laboratory equipment, radars, photocells, and 
GPS devices remain financially burdensome for grassroots 
clubs and face practical limitations. Photocells provide 
only sparse data, compromising the precision of F-V rela-
tionship analysis. While radar accurately measures peak 
speed (Beato et al., 2018; Ellens et al., 2025), it restricts 
tracking to a single athlete, whereas vision-based drone 
systems offer the potential for simultaneous multi-athlete 
tracking. Similarly, the accuracy of GPS devices is com-
promised by satellite signal quality and frequency limita-
tions. 

Recent advances in computer vision have led to sig-
nificant improvements in object detection algorithms. 
Computer vision technology has been widely adopted in 
autonomous vehicles (Zablocki et al., 2022) and industrial 
automation (Haffner et al., 2024), with rapidly growing ap-
plications in sports (Host and Ivašić-Kos, 2022). In these 
sports applications, a critical methodological distinction 
exists between pose estimation models and bounding box-
based tracking. Pose estimation models focus on the local-
ization of specific anatomical landmarks to track individual 
body segments for biomechanical analysis (e.g., Della 
Villa et al., 2022; Straub and Powers, 2022). Conversely, 
bounding box approaches identify the athlete as a single 
entity—often utilizing segmentation algorithms to distin-
guish movement from a static background—to quantify 
global displacement parameters such as instantaneous ve-
locity (e.g., Saini et al., 2019; Reveret et al., 2020; Tran et 
al., 2024). Currently, drones have been applied in various 
sports for performance monitoring and tactical analysis 
(Reveret et al., 2020; Russomanno et al., 2022; Tran et al., 
2024). Compared to traditional fixed cameras, drone-based 
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tracking systems can effectively overcome the perspective 
limitations of fixed cameras (Tran et al., 2024). These ap-
plications support the potential of drone technology for ve-
locity assessments in dynamic sports scenarios. 

To expand current testing methodologies, we pro-
pose an integrated motion analysis approach (hereafter re-
ferred to as the drone system) combining drone-based aer-
ial videography with a computer vision model to track 
players performing 30-meter maximal sprints. We hypoth-
esized that i) the sprint F-V profile variables derived from 
the drone method would exhibit acceptable test-retest reli-
ability; ii) the sprint F-V profile variables calculated from 
the drone would exhibit a high level of agreement com-
pared with the radar system. 
 
Methods 
 
Participants 
Seventeen male collegiate soccer players (age: 19.3 ± 1.4 
yrs; body mass: 72.1 ± 8.0 kg; height: 177.0 ± 6.4 cm) pro-
vided written informed consent prior to participation. The 
study was approved by the local ethics committee of 
Shanghai University of Sport, in accordance with the 
standards of the Declaration of Helsinki (Approval Num-
ber: 102772025RT187). 
  
Sample size 
The sample size for this study was determined a priori 
based on the primary study hypothesis regarding the test-
retest reliability of the drone system. According to the reli-
ability sample size calculation method proposed by Walter 
et al. (1998), the minimum acceptable reliability (null hy-
pothesis) was set at an intraclass correlation coefficient 
(ICC) of 0.50, corresponding to the threshold for poor reli-
ability (Koo and Li, 2016). Aiming for an excellent level 
of reliability, the expected ICC (alternative hypothesis) 
was set at 0.90. With an alpha level of 0.05, a statistical 
power of 80%, and two repeated testing trials, a minimum 
of 13 participants was required. 
  
Procedures 
All participants wore the same soccer boots they wore in 
daily training on an outdoor artificial turf field during af-
ternoon training hours. After an identical warm-up (jog-
ging, dynamic stretching, and three progressive submaxi-
mal sprints), each participant performed two 30-meter 
maximal sprints. Sprints began from a stationary split 
stance 50 cm behind the starting line, with no counter-
movement permitted, and were separated by a 3-minute re-
covery period. 

A Stalker ATS II radar system (Applied Concepts 
Inc., Dallas, TX, USA) was positioned on a tripod (0.9 m 
above the ground) approximately 5 m behind the start line, 
consistent with the placement protocols used in previous 
sprint profiling studies (Fornasier-Santos et al., 2022; Van-
tieghem-Nicolas et al., 2023). The study employed a DJI 
Air 3s Drone (SZ DJI Technology Co., Ltd.) with a DJI RC 
controller. Videos were captured at 60 Hz (4K resolution: 
3840 × 2160 pixels) using a fixed 24 mm focal length lens 
without zoom, under clear weather conditions. All flights 
were conducted in a legally compliant area in accordance 

with local drone regulations, and the drone was operated 
by an experienced pilot throughout the data collection pro-
cess. A 30×2 m rectangular runway was marked out using 
training cones, while the drone maintained stable hovering 
at 32 m altitude above the central test point (Figure 1). Re-
cording commenced prior to the test, with the flight se-
quence documented for post-processing. Four backup bat-
teries ensured continuous operation, with tests paused for 
battery replacement before depletion (approximately 30-
minute flight time per battery). 
 

 

 
 

Figure 1. Experimental setup of the sprint testing sessions. 
The blue markers (A, B, C, and D) define a 30×2 m rectan-
gular sprinting corridor. 
 
Data Processing 
Radar data processing 
Raw radar data were acquired at 46.875 Hz using a cus-
tomized software (MookyStalker v3.0.21). The raw radar 
data outliers were manually deleted following established 
methods from previous study (Simperingham et al., 2019). 
  
Video data processing 
All drone-based video processing tasks were executed in a 
Python 3.12.7 computational environment. The analysis 
pipeline was implemented using OpenCV (v4.11.0), 
NumPy (v2.1.2), and PyTorch (v2.7.0). The data pro-
cessing workflow comprised the following six sequential 
stages (see the pipeline overview in Figure 2): 

(1) Video segmentation. The recorded videos were 
segmented into 10-second clips based on the test record-
ings. 

(2) Video stabilization. A video stabilization algo-
rithm combining AKAZE feature detection (Accelerated 
KAZE), FLANN feature matching (Fast Library for Ap-
proximate Nearest Neighbors), and the homography matrix 
was employed to mitigate shake caused by minor move-
ments and rotations, or scale variations (due to altitude 
fluctuations) during filming for each video segment. 

(3) Object detection model training. A single-stage 
object detection model (YOLOv8s, https://docs.ultralyt-
ics.com/models/yolov8/) was then trained to recognize 
players from a bird’s-eye view. The YOLOv8s model was 
initialized with pre-trained weights from Ultralytics. To 
ensure robust athlete detection under various dynamic pos-
tures, a total of 3,200 annotated images were utilized for 
model fine-tuning. These images were randomly extracted 
from the 30-meter sprint trials as well as supplementary 
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athletic tests conducted concurrently with the same cohort 
of participants. The dataset was partitioned into training 
(70%, n = 2,240), validation (20%, n = 640), and testing 
(10%, n = 320) sets. 

(4) YOLOv8s-based athlete tracking. The trained 
model was utilized to track the geometric center of the 
bounding box for each athlete. 

(5) Coordinate transformation. The positional co-
ordinates in the videos were mapped to real-world coordi-
nates using a perspective transformation algorithm, based 
on calibration markers placed on the ground. Calibration 
rectangles, sized at 30×2 m, were manually annotated, and 
the homography matrix was optimized using the perspec-
tive transformation algorithm to ensure robust mapping 
(Figure 2). 

(6) Velocity calculation. The raw time-position data 
extracted from the video system was subsequently pro-
cessed into time-velocity data (Figure 3) for calculating 
sprint F- 

V profiles. Given that the focus of this study is on 
30-meter sprint, which aligns with a single direction (the 
X-axis), we exclusively utilized X-position data for calcu-
lation. To mitigate the impact of measurement error on 
speed, we adopted the method proposed in Wu and Swartz  

(2023) by adjusting the time increment Δ in Equation 1. 
 

𝑠̂ሺ𝑡ሻ ൌ
|𝑥௧ା୼ െ 𝑥௧ି୼|

2Δ
           ሺ1ሻ  

 

where 𝑠̂ሺ𝑡ሻ is the estimated velocity (mꞏs-1) at time 𝑡; x௧ା୼ 
and x௧ି୼ are the X-axis positions (m) at times 𝑡 ൅ Δ and 
𝑡 െ Δ, respectively; and 2Δ indicates the duration of the 
time window used for the velocity calculation. In the pre-
sent study, Δ was set to 0.25 s (15 frames at the 60 Hz sam-
pling rate). By computing velocity over this extended time 
window (2Δ = 0.5 s), we effectively reduced the impact of 
data noise on instantaneous speed estimates, thereby ob-
taining more stable and reliable athlete speed profiles. 
 

Sprinting F-V profile 
A customized MATLAB script (version R2021a; Math-
Works, Inc., Natick, MA, USA) was developed to compute 
individualized linear F-V profiles by implementing an ex-
ponential model fitting protocol based on the methodology 
of Morin et al., (2019). All data points below 0.5 mꞏs-1 were 
discarded (Fornasier-Santos et al., 2022), with the remain-
ing segment, up to the peak velocity, being used for model 
fitting. The refined mathematical model was subsequently 
extrapolated  to  estimate  the  movement  onset  across all

 
 

 
 

Figure 2. Overview of the drone video processing procedure. The schematic details the data extraction workflow, encompass-
ing raw video stabilization and subsequent YOLOv8s-based athlete tracking. 
 

 

 
 
 

Figure 3. Velocity curves comparison over time from the drone system (blue lines) and the radar device (orange-
red lines). For each device, raw speed data are shown by solid/dotted lines, and fitted data by dashed/dash-dotted lines, respectively. 
The data is presented up to the point of maximal velocity achievement. Thus, the endpoint of the curve corresponds to Vmax. 
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sprint trials through forward prediction algorithms. The F-
V parameters were derived based on the following model: 
 

𝑣ሺ௧ሻ ൌ  𝑣௠௔௫ ⋅ ቀ 1 െ 𝑒ቄି
೟

೅ೌೠቅቁ           ሺ2ሻ  
 

with Vmax the maximal velocity (mꞏs-1) reached at the end 
of the acceleration, Tau the acceleration time constant (s). 
The horizontal force (Fh) and the ratio of force (RF) were 
calculated using the following equations: 
 

𝑅𝐹ሺ௧ሻ ൌ
𝐹௛

ඥ𝐹௛
ଶ ൅ 𝐹௩

ଶ
                ሺ4ሻ  

 

Finally, the theoretical maximal horizontal force (F0) and 
theoretical maximal horizontal velocity (V0) were used to 
enable the calculation of both maximum power output 
(Pmax) and the slope of the F-V relationship (SFV): 
 

𝑃௠௔௫ ൌ
𝐹଴ ⋅ 𝑣଴

4
                      ሺ5ሻ  

𝑆ி௏ ൌ  െ
𝐹଴

𝑣଴
                          ሺ6ሻ  

 

The model-predicted cumulative sprint distance was calcu-
lated from the fitted velocity curve using cumulative trap-
ezoidal numerical integration. Times to reach 5 m (T5m), 10 
m (T10m), 15 m (T15m), and 20 m (T20m) were defined as the 
time instants at which the cumulative distance first reached 
the corresponding distance values. Average accelerations 
(A5m, A10m, A15m, A20m) were then calculated as the ratio 
between mean velocity and the time variation between the 
start and the corresponding reach times (T5m, T10m, T15m, 
and T20m). 
  

Statistical analysis 
Data are presented as mean ± standard deviation (SD). 
Test-retest reliability for both radar and drone systems was 
assessed using intraclass correlation coefficients (ICC3,1) 
with 95% confidence intervals, the coefficient of variation 
(CV%) and the standard error of measurement (SEM = SD 
× √(1 - ICC)). The interpretation of ICC values adhered to 
the guidelines proposed by Koo and Li (2016): values be-
low 0.50 indicated poor reliability, 0.50–0.75 moderate, 
0.75–0.90 good, and above 0.90 excellent. The magnitude 
of change was interpreted using the minimal detectable 
change (MDC95 = 1.96 × √2 × SEM) and the smallest 
worthwhile change (SWC = 0.2 × between-subject SD). 
The MDC95 represents the smallest change exceeding 
measurement error and is used to determine whether an      
observed change in an individual is real; the SWC reflects 
the smallest practically meaningful change. Concurrent    
validity between the radar and drone systems was assessed 
using Bland-Altman analysis, reporting mean bias, 95% 
Limits of Agreement (LoA), and bias percentage (Bias%) 
(Giavarina, 2015). When compared between different de-
vices, metrics with a bias of less than 5% and a narrow LoA 
(< 10% of mean) were considered to show good agreement; 
conversely, metrics with greater bias or a wider LoA were 
interpreted as having poorer consistency between the de-
vices (Cormier et al., 2023; Dawson et al., 2026). 

A linear mixed model (LMM) analyzed the fixed 
effects of device (Radar vs. Drone) and trial (Trial 1 vs. 
Trial 2), and their interaction on all F-V variables, with 

subject as a random intercept. Non-significant interactions 
were removed from final models. Post-hoc comparisons 
utilized Tukey-adjusted estimated marginal means. Effect 
sizes were reported as partial eta-squared (η୮

ଶ). Statistical 
analysis was conducted using R (version 4.5.1, R Core 
Team, Vienna, Austria) at p < 0.05. 
 

Results 
 

Test-retest reliability 
Drone system ICC values ranged from 0.59 to 0.95, while 
radar system values were higher (0.73–0.97). Both systems 
achieved excellent reliability (ICC > 0.90) for Vmax, V0, and 
late-phase acceleration kinematics (A15m, A20m), but 
showed lower stability for early acceleration variables such 
as Amax, F0 and T5m (Table 1). 
  

Concurrent validity 
Maximum velocity and kinematic time variables exhibited 
strong absolute agreement (high R2), whereas early accel-
eration variables (e.g., F0, Amax) showed greater dispersion 
and proportional bias (Figure 4). 

Most metrics (Vmax, V0, Pmax, RFmax, T5m, T10m, T15m, 
T20m, A5m, A10m, A15m, A20m) were classified as Good agree-
ment (%Bias < 5%, LoA < 10%) between systems (Table 
2 and Figure 5). 

Significant device main effects (Table 3) showed 
that the drone overestimated Tau, Vmax, V0, and SFV, while 
underestimating Amax, F0, RFmax, and A5m. No significant 
differences were observed for Pmax, T5m, T10m, T15m, T20m, 
A10m, A15m, or A20m (p > 0.05). 

 
Discussion 
 
The purpose of this study was to evaluate the feasibility of 
a drone-based vision system for measuring short-sprint 
performance and F-V profiles. Overall, the drone system 
demonstrated moderate-to-excellent test-retest reliability 
and good concurrent validity with the radar system for 
most F-V variables. However, early-acceleration and 
model-derived variables showed only moderate reliability 
(e.g., Amax, F0, T5m) and poor concurrent validity (Tau, 
Amax, F0, SFV) between devices. Both systems demonstrated 
moderate-to-excellent test-retest reliability across most F-
V variables. However, the drone system returned only 
moderate ICC values for early-acceleration metrics, in-
cluding Amax, F0, RFmax, T5m, T10m, and A5m (ICC = 0.61, 
0.61, 0.63, 0.59, 0.70, and 0.71, respectively), whereas the 
radar system achieved Good reliability for these same var-
iables (ICC = 0.73, 0.73, 0.73, 0.83, 0.84, and 0.84, respec-
tively). Across all variables, MDC95 values exceeded the 
SWC, indicating that neither system provides sufficient 
sensitivity for detecting small individual changes. This 
limitation was particularly pronounced for early-accelera-
tion metrics such as F0 and T5m, whose lower reliability is 
not unique to the drone system. This finding is consistent 
with previous reliability studies on F0 and T5m using radar 
(Simperingham et al., 2019) and laser (Ghigiarelli et al., 
2022). The calculation of F0 relies on the initial phase of 
sprint acceleration, where speed data inherently exhibit 
high noise and variability (Simperingham et al., 2019). 
This is in line with previous studies that reported only  
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moderate intra-day reliability for laser-derived F0 (CV = 
7.8%, ICC = 0.64; Buchheit et al., 2014) and radar-derived 
F0 (CV = 6.9%, ICC = 0.70; Simperingham et al., 2019). 
The lower reliability observed in these early-acceleration 
metrics likely reflects the biomechanical variability inher-
ent to initial acceleration, where unstable velocity data cap-
ture contributes to greater measurement inconsistency. 
Specifi-cally, the top-down perspective inherently limits 

accurate center-of-mass estimation, as the bounding box 
centroid shifts with rapid postural transitions. Additionally, 
as the athlete accelerates, rapid postural transitions cause 
the bounding box dimensions to fluctuate frame-by-frame. 
This morphological instability introduces high-frequency 
noise into the positional data, degrading the accuracy of 
derived horizontal force metrics. 
 
 

 
Table 1. Descriptive statistics and test-retest reliability of sprint F-V variables measured by the drone and radar systems. 

Variables Device Mean ± SD 
(n = 17) ICC (95% CI) CV% (95% CI) SEM SWC MDC95 Interpretation

Tau (s) Drone 1.14 ± 0.11 0.75 (0.44 to 0.90) 4.69 (3.06 to 6.32) 0.05 0.02 0.15 Good
Radar 1.10 ± 0.08 0.77 (0.48 to 0.91) 3.37 (2.20 to 4.53) 0.04 0.02 0.10 Good

Amax (mꞏs-2) Drone 7.59 ± 0.46 0.61 (0.20 to 0.84) 3.84 (2.51 to 5.17) 0.29 0.08 0.81 Moderate
Radar 7.76 ± 0.40 0.73 (0.41 to 0.90) 2.67 (1.75 to 3.60) 0.21 0.08 0.58 Moderate

Vmax (mꞏs-1) Drone 8.70 ± 0.45 0.94 (0.85 to 0.98) 1.25 (0.95 to 1.46) 0.11 0.09 0.30 Excellent
Radar 8.62 ± 0.41 0.96 (0.89 to 0.98) 1.00 (0.65 to 1.35) 0.09 0.08 0.24 Excellent

V0 (mꞏs-1) Drone 9.02 ± 0.51 0.94 (0.83 to 0.98) 1.43 (1.09 to 1.66) 0.13 0.10 0.36 Excellent
Radar 8.92 ± 0.45 0.95 (0.88 to 0.98) 1.12 (0.73 to 1.51) 0.10 0.09 0.28 Excellent

F0 (Nꞏkg-1) Drone 7.57 ± 0.47 0.61 (0.20 to 0.84) 3.91 (2.56 to 5.27) 0.30 0.09 0.82 Moderate
Radar 7.76 ± 0.40 0.73 (0.40 to 0.89) 2.73 (1.79 to 3.68) 0.21 0.08 0.59 Moderate

Pmax (Wꞏkg-1) Drone 17.04 ± 1.17 0.79 (0.51 to 0.92) 3.19 (2.31 to 3.74) 0.54 0.23 1.51 Good
Radar 17.31 ± 1.26 0.91 (0.77 to 0.97) 2.23 (1.46 to 3.00) 0.39 0.25 1.07 Excellent

RFmax (%) Drone 61.09 ± 2.37 0.63 (0.23 to 0.85) 2.39 (1.56 to 3.22) 1.46 0.44 4.05 Moderate
Radar 61.99 ± 1.94 0.73 (0.39 to 0.89) 1.66 (1.08 to 2.23) 1.03 0.37 2.85 Moderate

SFV (Nꞏsꞏm-1ꞏkg-1) Drone -0.84 ± 0.08 0.75 (0.43 to 0.90) 4.88 (3.18 to 6.57) 0.04 0.02 0.11 Good
Radar -0.87 ± 0.06 0.76 (0.45 to 0.91) 3.56 (2.32 to 4.79) 0.03 0.01 0.09 Good

T5m (s) Drone 1.38 ± 0.04 0.59 (0.17 to 0.83) 1.64 (1.20 to 1.89) 0.02 0.01 0.06 Moderate
Radar 1.37 ± 0.03 0.81 (0.55 to 0.93) 1.08 (0.76 to 1.31) 0.02 0.01 0.04 Good

T10m (s) Drone 2.12 ± 0.05 0.70 (0.34 to 0.88) 1.29 (0.95 to 1.48) 0.03 0.01 0.08 Moderate
Radar 2.11 ± 0.05 0.87 (0.67 to 0.95) 0.87 (0.59 to 1.05) 0.02 0.01 0.05 Good

T15m (s) Drone 2.78 ± 0.07 0.84 (0.62 to 0.94) 0.94 (0.62 to 1.27) 0.03 0.01 0.07 Good
Radar 2.77 ± 0.07 0.93 (0.82 to 0.98) 0.66 (0.43 to 0.89) 0.02 0.01 0.05 Excellent

T20m (s) Drone 3.40 ± 0.08 0.87 (0.67 to 0.95) 0.92 (0.60 to 1.24) 0.03 0.02 0.09 Good
Radar 3.39 ± 0.09 0.94 (0.85 to 0.98) 0.64 (0.42 to 0.86) 0.02 0.02 0.06 Excellent

A5m (mꞏs-2) Drone 4.42 ± 0.21 0.71 (0.37 to 0.89) 2.52 (1.86 to 2.91) 0.11 0.04 0.31 Moderate
Radar 4.48 ± 0.22 0.88 (0.70 to 0.96) 1.68 (1.10 to 2.26) 0.08 0.04 0.21 Good

A10m (mꞏs-2) Drone 3.47 ± 0.17 0.85 (0.63 to 0.94) 1.90 (1.24 to 2.56) 0.07 0.03 0.18 Good
Radar 3.49 ± 0.18 0.94 (0.84 to 0.98) 1.29 (0.84 to 1.74) 0.05 0.04 0.13 Excellent

A15m (mꞏs-2) Drone 2.86 ± 0.16 0.93 (0.82 to 0.97) 1.47 (0.96 to 1.98) 0.04 0.03 0.12 Excellent
Radar 2.87 ± 0.17 0.97 (0.91 to 0.99) 1.09 (0.71 to 1.47) 0.03 0.03 0.09 Excellent

A20m (mꞏs-2) Drone 2.44 ± 0.15 0.95 (0.86 to 0.98) 1.39 (0.91 to 1.88) 0.03 0.03 0.09 Excellent
Radar 2.44 ± 0.15 0.97 (0.92 to 0.99) 1.11 (0.72 to 1.49) 0.03 0.03 0.08 Excellent

ICC (95% CI) = intraclass correlation coefficient with 95% confidence interval; CV% (95% CI) = coefficient of variation with 95% confidence interval; 
SEM = standard error of measurement; SWC = smallest worthwhile change; MDC95 = minimal detectable change at the 95% confidence level. 
 
Table 2. Concurrent validity and limits of agreement (LoA) between the drone and radar systems for sprint F-V variables. 

Variables Absolute bias (lower-upper LoA) %Bias (lower-upper LoA) Bias interpretation
Tau (s) 0.04 (-0.14 to 0.22) 3.71 (-11.89 to 19.69) Poor
Amax (mꞏs-2) -0.18 (-1.02 to 0.67) -2.29 (-12.92 to 8.61) Poor
Vmax (mꞏs-1) 0.08 (-0.28 to 0.44) 0.96 (-3.17 to 5.10) Good
V0 (mꞏs-1) 0.10 (-0.33 to 0.53) 1.12 (-3.66 to 5.91) Good
F0 (Nꞏkg-1) -0.20 (-1.06 to 0.67) -2.55 (-13.37 to 8.56) Poor
Pmax (Wꞏkg-1) -0.27 (-1.64 to 1.11) -1.54 (-8.96 to 6.12) Good
RFmax (%) -0.90 (-5.18 to 3.38) -1.46 (-8.27 to 5.46) Good
SFV (Nꞏsꞏm-1ꞏkg-1) 0.03 (-0.10 to 0.16) 3.50 (-11.54 to 18.18) Poor
T5m (s) 0.01 (-0.05 to 0.07) 0.76 (-3.42 to 5.00) Good
T10m (s) 0.01 (-0.06 to 0.08) 0.53 (-2.62 to 3.71) Good
T15m (s) 0.01 (-0.06 to 0.08) 0.39 (-2.15 to 2.96) Good
T20m (s) 0.01 (-0.07 to 0.08) 0.16 (-2.01 to 2.35) Good
A5m (mꞏs-2) -0.06 (-0.35 to 0.23) -1.32 (-7.54 to 5.05) Good
A10m (mꞏs-2) -0.03 (-0.18 to 0.13) -0.73 (-4.97 to 3.60) Good
A15m (mꞏs-2) -0.01 (-0.10 to 0.08) -0.34 (-3.47 to 2.86) Good
A20m (mꞏs-2) 0.00 (-0.07 to 0.07) 0.09 (-2.78 to 3.01) Good

LoA = limits of agreement. 
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Table 3. Linear mixed effects model estimates for sprint F-V variables, assessing main effects of device and trial. 
Variables Estimate SE t-statistic p 𝛈𝐩

𝟐 
Tau (s) 0.042 0.015 2.694 0.010 0.129 
Amax (mꞏs-2) -0.176 0.078 -2.259 0.028 0.094 
Vmax (mꞏs-1) 0.083 0.032 2.579 0.013 0.120 
V0 (mꞏs-1) 0.100 0.038 2.625 0.012 0.123 
F0 (Nꞏkg-1) -0.195 0.079 -2.465 0.017 0.110 
Pmax (Wꞏkg-1) -0.265 0.134 -1.976 0.054 0.074 
RFmax (%) -0.898 0.391 -2.294 0.026 0.097 
SFV (Nꞏsꞏm-1ꞏkg-1) 0.030 0.012 2.607 0.012 0.122 
T5m (s) 0.011 0.006 1.909 0.062 0.069 
T10m (s) 0.011 0.007 1.712 0.093 0.056 
T15m (s) 0.011 0.007 1.638 0.108 0.052 
T20m (s) 0.005 0.007 0.728 0.470 0.011 
A5m (mꞏs-2) -0.059 0.028 -2.111 0.040 0.083 
A10m (mꞏs-2) -0.026 0.016 -1.638 0.108 0.052 
A15m (mꞏs-2) -0.010 0.010 -0.983 0.330 0.019 
A20m (mꞏs-2) 0.002 0.008 0.272 0.787 0.002 

Interaction effects between device and trial were not statistically significant (all p > 0.05) and were removed from the final models. 
 

 

 
 

Figure 4. Scatter plots with lines of identity comparing sprint mechanical variables derived from the drone and radar systems. 
The dashed black line represents the line of perfect agreement (y = x), while the solid blue line indicates the linear regression fit along with its 95% 
confidence intervals. 
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Figure 5. Bland-Altman plots evaluating the concurrent validity and limits of agreement between the drone and radar meas-
urement systems. The solid blue line represents the mean systematic bias, and the dashed red lines indicate the upper and lower 95% limits of 
agreement (LoA). 

 
The Bland-Altman analysis revealed varying levels 

of agreement across sprint mechanical variables. While 
Vmax, V0, Pmax, RFmax, all split-time intervals (T5m–T20m), 
and all average acceleration metrics (e.g., A5m–A20m) 
showed good agreement with minimal bias (< 5%) and nar-
row limits of agreement (< 10%), early-acceleration and 
model-derived metrics (Tau, SFV, Amax, F0) demonstrated 
poor agreement, exhibiting wider limits of agreement (> 
10%). For initial-acceleration-related metrics (Amax, F0), 
the observed lower agreements primarily stem from two 
sources: (i) tracking instability during trunk-angle progres-
sion: as the upper body inclines through acceleration (Na-
gahara et al., 2014), continuous shifts of visual recognition 
bounding boxes degrade force estimation. The drone sys-
tem exhibited stronger biases for initial-acceleration-re-
lated variables, specifically F0 and Amax. This discrepancy 

likely originates from the kinematic transition of the track-
ing centroid during the explosive start. During the first 5 
m, athletes transition from a deep forward lean to an up-
right posture. While the radar consistently tracks a reflec-
tion point on the lower back, the drone algorithm calculates 
the centroid of a 2D bounding box. As the athlete’s trunk 
rotates upward, this geometric center shifts relative to the 
actual center of mass. This physical reference point drift 
explains the significant negative estimate for F0 and sug-
gests that tracking stability in the first few strides remains 
a technical challenge. Critically, Bezodis et al. (2012) 
demonstrated that posture changes induce substantial 
measurement error, noting a 0.25 m forward shift of the 
lumbar tracking point relative to the COM within the first 
second of sprinting that caused significant velocity discrep-
ancies (Bias = +0.41 mꞏs-1, random error = ±0.18 mꞏs-1 at 



Wang et al. 

 
 

 

543

1 m). These extreme postural changes pose a greater chal-
lenge for the YOLO model in this study. This is because 
the geometric center of its detected bounding box may de-
viate substantially from the athlete's actual biological 
COM, thereby leading to greater errors (Figure 6). (ii) due 
to the inherent nature of 2D perspective projection, dy-
namic changes in the athlete's 3D position relative to the 
camera can distort the perceived 2D displacement. As il-
lustrated in Figure 6, even when the center point of the de-
tection bounding box is identified, its mapped position in 
real-world coordinates may deviate from the athlete's ac-
tual center of mass (COM) location. This error becomes 
particularly pronounced as the athlete accelerates forward 
and their distance from the camera's optical axis changes, 
especially during the initial acceleration phase. Similarly, 
the acceleration time constant (Tau), which quantifies 
sprint initiation kinetics (Morin et al., 2019), and the slope 
of the force-velocity relationship (SFV = -F0/V0) were also 
influenced by initial acceleration measurement errors. As 
highlighted in recent visual tracking literature (Yang and 
Gu, 2023), standard tracking algorithms often struggle to 
maintain precise localization during significant target ap-
pearance changes without advanced bounding box refine-
ment. In this study, these uncorrected fluctuations dis-
rupted the spatial precision required for capturing rapid 
kinematic transitions. 

Taken together, the Bland-Altman and LMM anal-
yses converged on consistent findings. For parameters de-
pendent on the initial acceleration—specifically Tau, Amax, 
F0, and SFV—the drone and radar systems should not be 
used interchangeably. LMM analysis confirmed significant 
systematic bias (p ≤ 0.028, η୮

ଶ = 0.094–0.129, moderate ef-
fect; Cohen, 1988). More critically, the Bland-Altman lim-
its of agreement (LoA) exceeded the 10% threshold, which 
is regarded as the upper limit for acceptable measurement 
error in athletic performance monitoring (Cormier et al., 
2023). This lack of agreement suggests that the drone's vi-
sion-based tracking struggles with the high-frequency kin-
ematic changes and extreme trunk lean characteristic of the 
first few strides. 

In contrast, a seemingly contradictory finding 
emerged for variables such as Vmax, V0, RFmax, and A5m; 

while LMM results showed statistically significant differ-
ences (p < 0.05) and moderate effect sizes (e.g., Vmax, η୮

ଶ = 
0.120), their consistency was categorized as Good. This re-
flects a familiar point in sports biostatistics: a significant 
LMM p-value often indicates the consistency of a bias ra-
ther than its magnitude. As noted by Atkinson and Nevill 
(1998), statistical significance can be achieved with even 
trivial differences if the measurement precision is high and 
the bias is systematic. For Vmax, although the bias was sta-
tistically stable, its absolute magnitude was negligible (bias 
= 0.96%, LoA < 10%), falling well within the bounds of 
practical utility. 

Finally, for the remaining metrics (e.g., Pmax, T5m, 
split times T10m–T20m, and average accelerations A10m–
A20m), both statistical methods yielded highly congruent re-
sults, although T5m should be interpreted with caution 
given its moderate test-retest reliability (ICC = 0.59). The 
LMM found no significant systematic bias (p > 0.05, η୮

ଶ ≤ 
0.074) and Bland-Altman analysis confirmed extremely 
low bias (e.g., A20m, bias = 0.09%). This overarching pat-
tern suggests that the drone system reaches its peak evalu-
ative accuracy once the athlete achieves a more stable up-
right posture and consistent velocity.  
 
Limitations 
Several limitations exist. First, the sample size (n = 17) lim-
its the generalizability of the findings. Second, only two 
sprint trials were conducted per session, which constrains 
the robustness of test-retest reliability estimates. Third, the 
conversion from 2D pixel coordinates to 3D real-world co-
ordinates is susceptible to perspective projection errors, 
particularly during dynamic postural changes. Future re-
search should implement multi-camera setups for stereo-
scopic triangulation or integrate human pose estimation to 
track specific anatomical landmarks (e.g., the hip) rather 
than bounding box centroids, thereby minimizing errors 
caused by dynamic postural changes. Additionally, drone 
deployment requires compliance with local airspace regu-
lations and should be operated by an experienced pilot to 
ensure the safety of athletes and bystanders, which may 
limit its feasibility in some training environments. 

 
 

 
 

Figure 6. Schematic illustration of 2D perspective projection, highlighting potential sources of error in drone-based velocity 
measurements. The detection bounding box (green) identifies the tracking point Cj, which is subsequently mapped to the real-
world ground position Bj. However, particularly during dynamic sprinting postures, the athlete's actual biological center of 
mass (Aj) may deviate from this projected point, leading to discrepancies in kinematic parameter estimation. 
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Conclusion 
 
In conclusion, the drone system demonstrates moderate to 
excellent test-retest reliability for most sprint F-V varia-
bles, indicating the potential for repeated assessment of 
sprint F-V profiles. In addition, the results show that sev-
eral key F-V variables, particularly those related to the ac-
celeration phase at the start (e.g., Tau, Amax, F0, SFV), ex-
hibit statistically significant and practically meaningful 
systematic biases, making them unsuitable for interchange-
able use. Conversely, variables related to speed (Vmax and 
V0), split times (T5m–T20m), and average accelerations 
(A10m, A15m, and A20m) show good practical agreement. 
However, caution is warranted for individual-level moni-
toring across all variables, as MDC95 values consistently 
exceeded the SWC, with this limitation being most pro-
nounced for early-acceleration metrics (Amax, F0, and T5m). 
Researchers and practitioners should be mindful of these 
phase-specific discrepancies and measurement limitations 
when selecting and interpreting data from these technolo-
gies. Further research should explore the potential applica-
tions of the drone-based systems in investigating athletes’ 
turning abilities (e.g., curve sprinting), which has signifi-
cant practical value for evaluating performance in team 
sports. 
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Key points 

•   The study evaluated a consumer-grade drone system for 
sprint force-velocity profiling against a radar using multi-
faceted statistical analyses (ICC, CV%, SEM, LMM, 
Bland-Altman). 

•   The drone system demonstrated moderate-to-excellent re-
liability (ICC: 0.59–0.95) and high practical agreement 
in the maximum speed phase (bias ≤ 1.12%; LoA < 10%), 
but exhibited significant systematic bias during the initial 
acceleration phase. 

•   While suitable for group-level monitoring of maximum 
velocity metrics, the identified early-phase tracking in-
stability provides clear targets for algorithm optimization 
in future drone-based sports technology applications.
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